Aim: To investigate whether eating patterns of specific food groups can be used to predict and classify Mexican adults who have been diagnosed as having obesity, diabetes or both, when compared to those without a diagnosis. Additionally, we aim to show the benefit of data mining techniques in nutritional studies. Methods: Statistical analysis of self-reported eating patterns based on designated food groups is conducted. Predictive models for health status based on dietary patterns are built using a naïve Bayes classifier. Results: Clear patterns emerge in the model building where adults are categorised as having obesity, diabetes or both. The model for diabetics showed the greatest degree of predictability, producing sensitivity results 2.4 times higher than the average, using score decile testing. The models for people with obesity and for those with both obesity and diabetes both reported sensitivity doubling the average. Coverage also showed greatest response for the diabetic model, the first decile containing 24% of all diabetics. Conclusions: Classifier models using dietary habits as inputs succeed in subcategorising Mexican adults based on health status. Diabetics are associated with a very different, and more appropriate dietary pattern (significantly less sugar consumption) for their condition, relative to the non-diagnosed group. Adults with obesity are also associated with a very different, but inappropriate (higher overall consumption), dietary pattern. We hypothesise that obesity, unlike diabetes, is not seen as a sufficiently serious condition, leading to an inadequate response to the diagnosis. Furthermore, data mining techniques can provide new results in nutritional studies.
Introduction
Obesity and type 2 diabetes are complex conditions associated with multiple risk factors, 1, 2 of which, unhealthy eating habits have been hypothesised to be a particularly important driver. 3 Although an unhealthy diet is undoubtedly an important factor in both obesity 3 and type 2 diabetes, 4 in Mexico, which is among those countries bearing the highest prevalence of these conditions in adults, 1 to date there is scant evidence as to whether obese Mexican adult eating behaviours differ from those of the non-obese or diabetics. The question then is: to what extent do the diets of those with obesity and/or diabetes differ (if at all), from those without obesity and/or diabetes, given a previous medical diagnosis of the condition? Are they predictive of said health states?
We examined these questions by constructing predictive models relating dietary habits to health conditions using standard data mining techniques. To date, despite the wealth of medical and health-related data, data mining techniques have not yet been widely used in this area. 5, 6 Certain advances are though being made, for example, in heart disease 7 and lung cancer 8 prediction, as well as in post-stroke mortality. 9, 10 Examples of data mining techniques applied to nutrition and eating patterns are very limited, however, suggestions have been made for their use. 11, 12 The research question this paper aimed to address was: Can eating patterns be used to predict and correctly classify adults from a Mexican population as having obesity, diabetes or both, when measured for eating frequency, number of portions and types of food eaten? To answer the question, we used a naïve Bayes classifier to build predictive models based on eating behaviour, 13 as proxied by self-reported consumption, where the classes representing health condition were: non-diagnosed (no previous diagnosis of obesity or diabetes), obese (previous diagnosis of obesity but not of diabetes), diabetic (previous diagnosis of diabetes but not obesity) and obese diabetic (previous diagnosis of both obesity and diabetes). Predictive models were created for diabetic, obese and obese diabetic classes, and classifier performance is analysed.
Methods
The data used for this study was taken from the Mexican National Health and Nutrition Survey 2006 (ENSANUT 2006). 14, 15 It is freely available online via registration, and the corresponding ethics committee approved of its design and execution. The nutritional data used here is taken from a selfreported food frequency questionnaire, obtained through faceto-face interviews.
14,15 While this may not accurately reflect consumption, and be subject to biases, evidence exists showing that these methods may give an unbiased representation of diet and intake for a population in various circumstances. [16] [17] [18] Of 20 360 adults in the dataset with available nutritional data, adults within the age range 20-69 were included in the study. Exclusions were made based on any incomplete or missing data entries in variables necessary for the purpose of the analysis. Women with gestational diabetes were also excluded. The final dataset contained 18 385 adults.
The question posed in the ENSANUT 2006 questionnaire regarding diagnosis of obesity was 'Have you ever been told by a doctor/dietician/nutritionist that you have or had obesity?' Similarly, for diabetes 'Has a medical professional told you that you have diabetes or high blood sugar?' Based on the self-reported answers to these questions, data were categorised into four subgroups: nondiagnosed, obese, diabetic and obese diabetic. Diagnoses of other conditions were ignored. A breakdown of the data can be seen in Table 1 for anthropometric variables.
The techniques in this work are based on statistical data mining used to analyse consumption of food groups and create profiling, classifier-based models. First, all foods were divided into distinct nutrition groups. Following discussions with a nutritionist, the following seven main food groups were used: (i) cereals and grains, (ii) vegetables, (iii) fresh fruits, (iv) dairy, (v) meat, fish and eggs, (vi) sugars and fats and (vii) fast food.
The 'portions per day' variable was calculated by multiplying the number of days a week a food item was consumed by the number of portions per sitting, then dividing by 7 to obtain the average number of portions consumed per day for each individual food. A comparison of means via a t-test was used to statistically analyse the differences between health statuses.
As we were considering the problem from a classification perspective, we used a binomial test 13, 19 as a statistical diagnostic, with each of the seven food groups being analysed for their significance relative to the null hypothesis that the number of portions of a given food group does not affect the diagnostic subcategory of the individual. Our diagnostic, ε, can be seen in Equation (1):
where P(C A ) is the total proportion of the people in the diagnostic subcategory 'A' (non-diagnosed, obese, diabetic or obese diabetic). The probability P(C A | X) represents the proportion of people in the diagnostic subcategory conditioned on the variable X. N X is the number of people associated with the variable X. In the case where the binomial distribution can be approximated by a normal distribution, |ε| > 1.96 would represent the 95% CI. When the sample sizes and/or probabilities P(C A ) are not compatible with the normal approximation, a more sophisticated approach may be taken using Wilson intervals. 20 We wish to classify health states according to selfreported nutrition and so are interested in P(C| X), the probability to be in a specific health state C, given the vector of nutritional inputs X = (X 1 , X 2 , …, X n ). To proceed, we use Bayes theorem:
To avoid calculating the normalisation factor P(X), a score function is calculated as:
where C is the complement of the class C, or some other reference class. This is simplified to the naïve Bayes classifier by assuming independence between variables, such that the likelihood P XjC ð Þ¼ Q N i¼1 P X i j C ð Þ, to find:
where s X i ð Þ¼ ln
ð Þ is the contribution to the overall propensity to belong to the class C from the variable X i . If s Classification of diagnostic subcategories (X i ) > 0, the factor contributes positively to class membership; while s(X i ) < 0 contributes negatively. The naïve Bayes classifier is a computationally efficient, simple, robust and transparent classification algorithm; 13, 19 even if the assumption of independence is not met, it still performs well. 21, 22 While it is true that different techniques may provide varying results, as discussed in Batterham et al., 12 the naïve Bayes classifier has been proven to provide good, accurate results across a range of studies. 13,19 21-24 For all these reasons, it is a good choice of prediction algorithm, certainly as a starting point, in many applications of data mining.
For the classification analysis, portion number for each type of food was discretised into seven groups-Group 1 represents 0 ≤ Portions < 1; Group 2 represents 1 ≤ Portions < 2 and so on until Group 7 for six or more portions. Models were built using a random 70%/30% training/test split of the original data. Five-fold bootstrapping, a data resampling method, 25 was carried out to reduce sampling error. The class score for each individual in the test set is ordered from highest to lowest and divided into 10 equally sized deciles. Decile 1 contains the 10% of the data with the highest total score and Decile 10 contains the 10% with the lowest total score. Sensitivity, defined as, TP × 100/T d , the percentage of individuals with the condition within each decile, where TP is the number of true positives in the decile and T d is the total number in the decile, was calculated for each decile and its variation across the deciles used as a measure of performance. A random model would lead to an equal percentage of true positives in each decile. Coverage was also calculated for each decile, accounting for the percentage of the total number of people in the diagnostic subcategory found in a given decile.
Results
To gain a general understanding of eating behaviour, it was important to look at the average portions consumed per day for the four diagnostic subcategories, as seen in Table 2 . Here, the non-diagnosed were used as a reference category.
Adults diagnosed with obesity reported higher average consumption of every food group (P < 0.001), except fast food, relative to the non-diagnosed group. The obese-diabetic group also reported higher consumption than the non-diagnosed across all food groups (P < 0.001) other than fast food and meat and fish. The diabetic subgroup consumed significantly less meat and fish, sugars and fats and fast food (all P < 0.001) than the non-diagnosed group. However, in the other food groups there were no significant differences. Particularly notable was the difference in sugars and fats compared to adults with obesity (t = 16.817, P < 0.001). There was also strong evidence that those with obesity also consumed more portions of vegetables and fresh fruits (t = 9.259 and 5.126, both P < 0.001) than the non-diagnosed. This was also true for those with both obesity and diabetes (t = 5.507, P < 0.001 and t = 3.072, P = 0.002, respectively).
For each individual food group, the score was calculated using the number of portions in the different food categories as the variables, X, and the diagnostic subcategory (obesity or diabetes or both) as the class, C. For each person in the dataset, a total score was calculated by summing the scores for the portions of each food group. The results of score decile testing for percentage sensitivity, for all three variations of the model, can be seen in Figure 1 .
The model for those with diabetes provided the best performance results of the three conditions, where sensitivity for Decile 1 was 19.9%. In the test portion of the data there was an average of 563 diabetics which related to an average random performance for diabetics of 8.3%. Thus, a score for this model in Decile 1 is approximately 2.4 times better at determining diabetics than random chance, while a score in Decile 10 corresponds to sensitivity of 3.8%, less than half the random benchmark, indicating that the model discriminates well between diabetics and non-diagnosed.
The model for obesity is slightly less conclusive, with a sensitivity of 9.3% and 8.9% in Deciles 1 and 2, respectively compared to the 5.9% average random performance of model for adults with obesity. Thus, for the obese model, a score which falls in the top two deciles almost doubles the chance of correctly identifying obesity, while the sensitivity in Decile 10 at 3% is about half of the 5.9% baseline. Once again, the pattern decreases monotonically through the deciles.
There was an average of only 115 people diagnosed with both obesity and diabetes in the test set of 6786 across the five bootstrapped models, which gave the random performance benchmark of 1.7%. Despite this, a Decile 1 score Each diagnostic subcategory is compared against the reference category, non-diagnosed. * P < 0.05. ** P < 0.001.
(where performance was 3.7%) provided a 2.18 times higher probability than random chance at determining a person with both obesity and diabetes. Using the score decile method of testing, analysing the coverage of the model was also possible. The coverage analysis for all models is shown in Figure 2 .
The coverage analysis results indicate that the diabetic subgroup gives the strongest results, closely followed by the obese diabetic model. Nearly a quarter of all diabetics are contained in the first score decile, with 40.8% contained in the first two deciles. The diabetic subgroup also produces the most consistent decreasing pattern from Decile 1 to Decile 10.
Obese diabetics have the second strongest pattern in terms of coverage, where the first two score deciles account for 34.1% of all obese diabetics. They also show a decreasing pattern, but this is lost as Deciles 6 and 7 show an increase on the previous deciles, as is the case with Decile 10.
The model for obesity is the weakest of the three coverage-wise in the highest deciles, with 15.7% and 15.1% in Deciles 1 and 2, respectively. Nevertheless, the model for obesity does exhibit a steady decreasing pattern from Decile 1 to Decile 10 without any increases, unlike the model for both conditions together.
Discussion
The results of the models and the subsequent score decile testing as a measure of performance show that health state can be predicted from self-reported dietary patterns, or alternatively, that a given health state is predictive of a given dietary pattern. Although we used a naïve Bayes classifier, with its associated advantages of efficiency, simplicity, robustness and transparency, 13, 19 the present study can be used as a starting point for the application of more sophisticated data mining techniques in the area of nutrition 26 where some success has been seen related to type 2 diabetes. 27 Note that the performance of each model is roughly similar, leading to sensitivities in the top/bottom decile about 2/0.5 times the random baselines of 8.3%, 5.9% and 1.7% for diabetics, obese and obese diabetics, respectively.
Comparing the results of the performance sensitivity analysis and the coverage analysis, the model for people with diabetes provided the strongest results and highest classification level. This indicates that the eating patterns of the diabetic subgroup are the most rigid, with successful classification driven by the low reported consumption of sugars and fats. The models for obesity and for those with both obesity and diabetes also show promising results which, with the benefit of more data, can lead to good prediction and classification using these techniques.
There are at least two alternative interpretations of our results. One is that it just reflects relative reporting biases between one group and another. The second is that it reflects genuine changes in eating habits as a consequence of a diagnosis by a medical professional of obesity or diabetes. For the former there is the question of what expectation one should have about any reporting bias associated with a given group. We see that here the diagnosed obese report much higher consumption than the non-diagnosed. This may be a reaction to the diagnosis by a medical professional itself; that the diagnosed obese are more aware of their true dietary habits. It may also be the case that people with diabetes underreport sugar consumption and people with both obesity and diabetes overreport vegetable consumption.
An alternative hypothesis, that we prefer, is that the selfreported dietary patterns reflect real changes because of the Classification of diagnostic subcategories presence of a changed health state and action being taken on the advice of a medical professional. In the case of diabetics, this means much less consumption of sugars and fats and fast food and enhanced consumption of vegetables. In the case of obese diabetics we notice that their pattern of consumption is intermediate between that of people with obesity and those with diabetes. In particular, their sugar consumption is low relative to individuals with obesity but greater than that of those diagnosed diabetic. Indeed, their consumption of all other food groups is higher than that of people with diabetes and comparable to people with obesity.
What seems clear is that a diagnosis of diabetes is associated with a change in the self-reported dietary pattern that is both notable and consistent with the required response to the diagnosis. On the other hand, a diagnosis of obesity does not correlate with any significant expected reduction in consumption relative to the non-diagnosed group.
In summary, we hypothesise that the adult Mexican population in general is responsive rather than preventive in terms of obesity and diabetes. Clear, positive action in terms of diet is on average only taken by the diabetic subgroup. We also see that those with obesity have higher average consumption across all food groups, suggesting that they have not reduced their dietary intake sufficiently in spite of a medical diagnosis of their condition. Although there is an increase in consumption of vegetables and fruit, the baseline factor remains: they simply consume more of all food groups, rather than follow a stricter diet. Thus, although obesity is an important risk factor for chronic disease, including diabetes, the results we have shown indicate that as a medical condition it is not taken seriously enough so as to lead to a relevant change in dietary pattern.
We believe that focus needs to be placed on the prevention of obesity rather than a reaction upon its arrival. Not only to stop the onset of further health complications but because typically, it is extremely difficult for the body mass index obese to return to a normal weight, as emphasised, for example, by Fildes et al. 28 We recognise several potential limitations of this research: (i) as all nutritional variables and diagnosis of obesity and diabetes are self-reported they are subject to recall and other biases; (ii) the data is cross-sectional making causal inference more difficult and (iii) the male/female ratio for the ENSANUT respondents is skewed and thus not fully representative of the Mexican population.
In conclusion, as the growth in availability of medical and health-related data is not being matched at the same rate by the growth in usage of data mining techniques, 29 we have provided a strong example of the benefit of such techniques by applying a naïve Bayes classifier to nutritional data in order to classify adults based on their health status. The successful construction of such models we hope will encourage and promote further use of similar data mining techniques in nutrition and related areas. Although the limitations of the data considered do not allow us to arrive at a unique interpretation of the results, the predictive value of the models we have developed is quite independent of any subsequent interpretation. However, we would argue that the results are evidence of the fact that a diagnosis of diabetes is sufficiently impactful that it leads to a significant and positive change in dietary pattern, whereas this is not the case for a diagnosis of obesity.
It is imperative that the seriousness of weight gain and obesity is stressed to the Mexican population, along with the importance of diet related to these conditions.
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